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Introduction
Government bonds are by no means risk-free investments. In the aftermath of the financial crisis investors demanded considerable compensation for taking the risk of owning government bonds from nearly insolvent countries like Greece, Spain or Portugal. Economic theory suggests that a combination of a high level of government debt and low tax revenue due to high unemployment rates may increase the default risk of a country. Still, government bonds are affected by monetary policy which could halt or even reverse the effect. Earlier studies on the relationship between government debt and unemployment rates did not find a clear-cut pattern of interdependency. In particular, empirical studies are hampered by the fact that unemployment rates and government bond yields are observed on different frequencies. Bonds are continuously traded while unemployment rates are only announced once a month. The general solution is to align the data on a monthly frequency.
Decreasing the frequency of the bond data obviously entails a substantial loss of information.
In this study, we examine the relationship between unemployment and government bond yields on a weekly basis, that is on a frequency which is higher than the publishing frequency of unemployment figures. To this end, we describe a general method to increase the resolution of a lower frequency time series when additional, related high-frequency data are available. The method implies a nowcasting of the low-frequency time series that feeds the supplementary data as a cascade of frequencies into the nowcast. The cascade structure accounts for long-run components of the higher frequency time series in a parsimonious way. We refer to this model as M-HAR model as it combines methodologies from the literature on mixed-frequency nowcasting (M; see, inter alia, Marcellino and Schumacher, 2010) and heterogeneous autoregressions (HAR; in particular following Corsi, 2009 ). We use Google search query data to increase the frequency of unemployment data from a monthly to a weekly level. For that purpose, the principal component of various search queries for information about unemployment is fed into the prediction model. In the process of nowcasting unemployment based on weekly Google data and monthly unemploy-1 ment information, the M-HAR model can process both short-term and long-term relations between these time series. This is important because an individual's behavior that is indicative of becoming unemployed in the future can be observed far ahead of the date where the person actually becomes officially unemployed. Internet searches that were conducted one or multiple weeks before are used for the current unemployment nowcast. Therefore, our model can account for a general rise in searches that took place already during last three months, while current search intensity might be going down. We show that including Google search query data greatly increases the nowcasting accuracy compared to a pure autoregressive model.
The resulting weekly unemployment time series is then used in a heterogeneous vector-autoregression ( HVAR) of unemployment changes and bond yields. For a sample of seven European countries we consistently find that bond yields react positively to a rise in unemployment while for the United States and Australia this effect is negative. In contrast, there is virtually no impact of shocks in bond prices on unemployment.
Currently, the literature that directly analyzes the relationship between unemployment and bond prices is scarce. A notable exception is Bayoumi et al. (1995) who find that debt financing costs rise by nine basis points if unemployment rises by one percentage point. Still, there is quite a number of event studies that investigate how the announcement of unemployment figures impacts on government bond rates. Balduzzi et al. (2001) find that short-term (three-month T-bill, two-year note) and long-term bonds (ten-year note) in the US react positively to a surprise rise in jobless claims. Similarly, Fleming and Remolona (1999) report that employment announcements are the macroeconomic announcements that have the greatest effect on bond prices. In line with these findings, Afonso et al. (2011) document that the structural level of unemployment has a negative long-run impact on the credit rating of a country which may ultimately lead to rising refinancing costs, i.e. higher bond prices.
A possible explanation for why this kind of analysis is rare is a data issue. Unemployment figures and bond prices are not available at an identical frequency and one faces the question how to suitably aggregate bond data to monthly levels. Recently, 2 mixed data sampling (MIDAS) regression models (in particular Ghysels et al., 2004) have become popular as a means to alleviate this problem. For example, Ghysels et al. (2006) predict daily stock price volatility combining different intraday frequencies of returns. In this spirit, Marcellino and Schumacher (2010) combine the virtue of MIDAS regressions with factor models to reduce the dimensionality in macroeconomic models and to overcome the sampling frequency issue when nowand forecasting macroeconomic variables.
Another challenge in modeling government bond data is the long-memory property of this financial time series. Currently, there are two major ways to model stationary time series with long-memory properties. First, there is the class of ARFIMA (autoregressive fractionally integrated moving average) models. Sibbertsen et al. (2014) for example document that the bonds of France, Germany, Italy, and Spain are highly persistent and are close to unit-root behavior during the financial crisis. A second way to account for this high persistence is the cascading structure of heterogeneous autoregressive models as suggested by Corsi (2009) . As the model is readily implemented it is now frequently and successfully applied (see, amongst others, Bauer and Vorkink, 2011; Dimpfl and Jung, 2012; Tseng et al., 2009). Chiriac and Voev (2011) compare the two methodologies and find a similar performance of the ARFIMA and the HAR model.
The forecast of a low-frequency time series at a higher frequency is termed nowcasting. This is of particular interest in macroeconomic modeling where GDP and other important economic indicators are only available on a quarterly or even yearly basis and are generally provided with a substantial time lag. Factors that influence the variable of interest are, however, available on a higher frequency and can be used to provide a nowcast of the still unobserved variable. Giannone et al. (2008) and Kuzin et al. (2011) , for example, provide intra-quarter nowcasts of current GDP growth rates. On an even longer horizon Navicke et al. (2014) nowcast the at-risk-of-poverty rate in the EU which is only published with a delay of 2-3 years. This publication lag is obviously too long for policy recommendations.
In order to nowcast unemployment rates in France, Germany, Italy and Portugal, Barreira et al. (2013) draw on Google search query data. Google data have recently gained particular attention as they allow to forecast a broad range of (economic) data. The ground-breaking work in this context is Ginsberg et al. (2009) who use search query data to find early warning signs of an upcoming influenza epidemic.
The basic idea behind using Google search queries is to find a measure for the relative importance of a subject for the individuals that are directly concerned. Da et al. (2011) use this relation to predict stock price returns while Bank et al.
(2011) explain time-varying liquidity supply in the German stock market. Choi and Varian (2012) were the first to use Google search query data in predicting unemployment figures. They find the addition of Google data particularly useful to identify turning points in unemployment. This paper exploits both the advances in the literature on modeling long-memory components and the literature on mixed-frequency nowcasting. Combining these methodologies we can conduct an analysis of the relationship between unemployment and government bond yields at a high frequency. Changes in unemployment are preceded by changes in relevant search activity several months earlier. Using the information available in search activity data significantly increases the nowcasting accuracy of unemployment for each of the nine considered countries. The reaction of government bond yields to a rise in unemployment is country-specific. In Europe, government bond yields increase in reaction to a shock in unemployment. This result is in line with economic theory which suggests that countries with higher unemployment face increased insolvency risk. Government bond yields of Australia and the United States decrease in reaction to a shock in unemployment. This might be explained by a policy of more aggressive monetary interventions, as pursued in particular by the US federal reserve system. The remainder of this paper is structured as follows. Section 2 introduces the M-HAR method to nowcast unemployment and presents the heterogeneous VAR that is used to investigate the relationship of bonds and unemployment. Section 3 describes the data and extensively discusses the intricacies of working with Google's search volume data. Section 4 presents the empirical results and section 5 concludes. Let y t+1 be the low-frequency time series for which a nowcast is needed. Assume that y t+1 follows its own autoregressive structure of order p such that
where ε t follows some distribution with finite first and second moments. Now let x t,i be a related higher frequency time series that can be used to produce nowcasts of y t+1 . Introducing a suitable structure of x into equation (1) results in
where τ is the number of partitions of the interval [t, t + 1] and q is the number of low-frequency lags of x t,i . In principle, the parameters in equation (2) could be directly estimated. However, equation (2) potentially includes a large number of lags (namely q · τ ) of the higher frequency series x, which might ultimately render estimation infeasible. Instead let us replace the homogeneous autoregressive structure of x with a parsimonious heterogeneous frequency cascade C(S) that captures the original autoregressive properties. S is a set of frequencies (e.g. weekly, monthly, quarterly, ...) and C is the corresponding operator that aggregates x to the respective frequencies in S. Replacing the first term on the right hand side of equation (2) by this frequency cascade leads to
In our application, unemployment data is available on a monthly basis while Google search volume is available on a weekly basis. In order to nowcast the monthly unemployment u t+1 we propose a frequency cascade structure of weekly data supplied with monthly, quarterly and yearly aggregates to cover the long-memory property of search query data:
where g
(w)
t,i is the weekly search volume series as provided by Google, and g
and g
(y)
t,i are series aggregated to monthly, quarterly and yearly averages, respectively. If we wanted to cover a similar time span without using the frequency cascade, we would have to include 12 × 4 = 48 lags of g (w) t,i . The higher frequency Google series g (w)
t,i has an additional amount of τ = 4 observations for each time period t, allowing for four consecutive nowcasts before observing u t+1 :
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The parameters c i and φ (u) j in equation system (5) are estimated using quasi maximum likelihood (QML).
Unemployment and Bonds -Heterogeneous VAR
In order to analyze the relationship between unemployment and government bonds we draw on the well-established framework of vector autoregressive (VAR) models.
The VAR model is implemented on a weekly basis. The nowcasts of unemployment based on the Google search volume data are matched with the quarterly observed data to construct a weekly time series. We then implement a heterogeneous VAR which accounts for past observations up to three years. Denote the weekly unemployment changes by ∆u t and the weekly bond yields by b t . The set S includes the frequencies of one week, one, three and six months, and one, two and three years.
The model reads as follows:
As we only have a reduced-form structure, the model can be estimated linewise with OLS.
3 Data Description
Unemployment Rates and Bond Yields
We analyze the relationship between unemployment rate changes and bond yields for a panel of nine countries: seven European countries (Austria, France, Germany, Portugal, Spain, Switzerland, and the UK) and two non-European countries (Australia and the US). All monthly unemployment series are obtained from Eurostat, Ten-year government bond yields are computed by subtracting the respective shortterm bond rates. For the European countries for which short-term bond data are not available the EURIBOR is used instead.
[ Figure For the analysis, all unemployment series are seasonally adjusted and transformed into first differences. Subsequently, they are tested for stationarity using augmented Dickey-Fuller (DF) tests and are all found to be I(0). Following Campbell et al.
(1997) we calculate the yield spread using the theoretical cointegrating vector (1, −1)
and perform a cointegration analysis. We generally find p-values that reject the cointegration hypothesis. This finding shows that the yield still has a long-memory property which we will account for using the cascading lag structure as outlined in section 2. The fact that the DF test fails to reject the null hypothesis of a unit root might well be due to the lacking power of this test. Furthermore, the literature on ARFIMA models documents that the DF test fails to distinguish unit root behavior (with d = 1) from near unit root behavior (d < 1). We therefore also calculate the fractional difference parameter d using the method of Geweke and Porter-Hudak (1983) and find it to be close to one, depending on the bandwidth selection criteria.
Again no clear answer can be provided by this test. Ultimately, we rely on the 2 www.abs.gov.au 3 www.amstat.ch 8 theoretical result in Campbell et al. (1997) and assume stationarity for the yield spreads while being aware that there is still a long-memory property which we have to account for. in France and in the UK. In Spain and Portugal the sharp rise in unemployment after the financial crisis is reflected by the higher monthly growth rates: for Spain, this rate is ten times higher (on average) than for France or the UK. Similarly, these two countries exhibit the highest weekly bond yields, followed by the US and the UK. The lowest bond yields are observed for Australia and Switzerland; in case of the latter it is even negative. We also find that unemployment changes are generally left-skewed while the skewness of bond yields is not clearly drawn to left or right.
[ 
Google Search Volume
Ideally we would like to know how many people engage in preparations to file for unemployment and how far in advance of becoming unemployed they do so. With this information we could easily nowcast unemployment figures. This would also solve the drawback that even month-end data, which correspond to the reporting frequency, are not immediately available on the first day of the following month, but only with a lag. Of course we do not have this exact data, but we can try to approximate how many people prepare facing unemployment with the help of Google search volume data (see Choi and Varian, 2012; Barreira et al., 2013) .
The data is obtained from Google Trends, 4 where normalized weekly search volume data is provided for any search query that surpasses a certain volume threshold.
These series are available starting in January 2004. The raw search volume data is corrected for multiple searches from one IP address and normalized by the total search volume at that time:
where v s,t is the normalized search volume at time t for search query s, V s,t is the actual search volume, and V t the total search volume. To better be able to compare changes in search terms with different volume levels, the normalized volumes v s,t are rescaled by their maximum historical value. The normalized search volume index g s,t is thus given as
This preparation and pre-selection of the data by Google causes several complications. Firstly, the volume threshold criterion restricts the set of keywords we can use for our analysis. This is problematic especially for smaller countries. Secondly, the rescaling of the normalized volume series v s,t by its historical maximum causes the whole series to change when a new maximum occurs.
When working with Google's search data, it is vital to keep in mind what is measured: The number of times a keyword is entered into the search engine. To make assumptions about the intentions that an individual had when she entered a query, the choice of keywords is crucial. They need to be specific to the intention and at best unique. However, most of them will also appear in other possibly related or -worse -competing contexts. The famous prediction of influenza epidemics with search query data by Ginsberg et al. (2009) is well-known to suffer from this keyword ambiguity. Some symptoms like fever or headache are not specific to having the flu, but occur in the course of numerous illnesses. Entering the keyword "fever" is, thus, not necessarily related to the illness of interest. When a fever causing epidemic unrelated to the flu spreads, the flu index rises erroneously.
Besides the choice of keywords, the context in which search volume data is used to draw conclusions about intentions can favor or hinder the application. Search queries are usually performed to acquire information on a specific topic. When the topic is only of interest to individuals when they are in a certain situation, then we can infer that changes in search volume indicate a higher amount of individuals in that situation (being sick, being unemployed). Still, this only works if the situation occurs rarely, so that individuals are not yet informed from previous experience and do not need to search for information anymore. When an individual suffers from flu symptoms in the flu season, he might not search for information on it anymore. For rare symptoms no such learning can occur.
These insights are very important for the application to unemployment. The context is favorable to the application because when an individual faces unemployment it is likely a rare event, unlike getting the flu. The situation is likely to be unfamiliar and new information needs to be retrieved. To make the keywords we use as situationally specific as possible, we focus on the process of filing for unemployment and receiving unemployment benefits. We sort all keywords into four categories, each linked to the search for information on the process of filing for unemployment. These categories guide the choice of keywords in the different languages and countries and ensure comparability. The category "Benefits" relates to queries about unemployment benefits while "Process or Agency" subsumes queries on how and where to file for unemployment. These two categories are very specific. The categories "Unemployed" and "Unemployment" are more general and as such more prone to be used by individuals not faced with unemployment. Still they are very specific to the context of unemployment. Out of these two categories, "Unemployed" is more likely to be part of individuals' sentence queries like "I am unemployed", while the category "Unemployment" more likely captures general attention. Table 2 provides an overview of the keywords used and the categories they represent. Queries marked with a star (*) are combined queries of several similar words and include different (mis-)spellings. Not all categories are represented for each country due to limited availability as a result of low search volume.
[ Table 2 about here.]
We intentionally restrict ourselves to a very precise set of queries closely related to unemployment. Other studies like Askitas and Zimmermann (2009) and D'Amuri and Marcucci (2010) include different search terms that individuals who face unem-ployment might enter. The intention behind these queries is not to seek information about receiving unemployment benefits, but finding employment. Such queries range from searches for "jobs" or names of specific job search engines (like "indeed"
or "job24"). We find that the volume of these queries behaves differently in every country.
[ as well be a sign of a growing job market. The series just happen to be very similar for the US, which may be due to specifics of the social security system coupled with a high pressure to find a new job quickly.
All search queries listed in Table 2 Overall, the principal component represents all categories well, i.e. a high correlation is observed for all nine countries. The weakest relationship is found for the "Process" category and the principal component for Austria where the correlation is still 0.457. Figure 3 illustrates the results.
[ Figure 3 about here.]
Results and Discussion
The analysis of the relation between changes in unemployment and government bond yields is separated into two steps. In a first step we use weekly Google search volume data to nowcast monthly unemployment changes on a weekly frequency employing the M-HAR method. In a second step we use the resulting higher frequency unemployment series to analyze the relationship with government bond yields in a heterogeneous VAR framework.
Nowcasting Unemployment -M-HAR Estimation
The M-HAR model requires the identification of a suitable cascading structure. As outlined in Subsection 2.1, the number of relevant lags might differ across countries. Therefore, we use cross-correlations between unemployment changes and the principal component of normalized search volume changes to determine an appropriate structure. Table 3 summarizes the results.
[ Table 3 about here.]
The magnitude of the cascade coefficient estimates, as well as their significance, closely mirrors the time at which the respective cross-correlation functions peak in Mean squared forecasting error (MSE) and adjusted R 2 are reported in the last two columns of Table 3 to measure the benefit of including the Google search volume frequency cascade in addition to a pure autoregressive model of unemployment.
Overall, we find a significant reduction in MSE and a higher adjusted R 2 for all countries. 5 The degree of improvement, however, varies greatly. Figure 6 depicts the changes as a scatter plot of MSE and R 2 for the pure AR and the M-HAR model.
[ Figure 6 about here.]
Interestingly, the largest improvements in both MSE and R 2 can be observed for the United States, even though none of the frequency cascade estimates are statistically significant. Large improvements in both criteria can also be observed for Australia. France and Switzerland, which already feature a low MSE in the pure model, display a large increase in R 2 . For the solvent European countries the unemployment forecasts based on the AR model result already in a comparatively low MSE. Therefore, the inclusion of the search query data has no large impact. The R 
Unemployment and Bonds -Heterogeneous VAR Estimation
To estimate the relationship between unemployment changes and bond yields we employ a heterogeneous VAR as described in equation (6) using the higher frequency unemployment series provided by the M-HAR model. The frequency cascades used in the heterogeneous VAR have to cover a longer time span than in the M-HAR model in the previous subsection to account for the extreme long-memory feature of the government bond yield time series (see also Diebold and Li, 2006) . We find that a period of three years captures a sufficiently long lag structure, such that the impact of innovations is not permanent but slowly decreases over time. To cover this lag structure we use seven heterogeneous AR-terms, i.e. two frequency terms more than in the previously used cascade. Like in the standard VAR context, increasing the number of parameters in the HVAR leads to larger variances of the estimates, which would in turn call for a parsimonious modeling strategy. Instead of using the same frequency cascade for each country, we could use cascades that are tailored to fit the individual countries best, i.e. leaving out insignificant frequencies or adding additional ones where necessary. This decreases the variance of the remaining estimates but it also leaves ample room for ambiguity. Instead, we opt for keeping the estimation as general as possible and comparable across countries, thereby accepting the fact that parameter estimates suffer from higher variance. For Switzerland, Spain, and the US we find a rather timely response of bond yields to unemployment changes. For the remaining countries, it takes longer for the bond yields to react. However, the impact seems stronger in the latter case where the largest values of the estimates can be observed between the frequencies of six month and two years. The order of magnitude of the majority of the insignificant estimates is considerably lower than the reported values. Bond yield estimates are around one for the one week frequency which is due to the high persistence of the time series. This effect is countered by subsequent negative estimates on lower frequencies. The insignificant estimates of the bond yields cascade structure are again small in magnitude, similar to the insignificant unemployment cascade estimates. While for the impact of unemployment a more country-specific pattern can be observed, the autoregressive structure of the bond yields is rather similar across all countries.
6 Detailed estimation results are reported in the appendix. [ Figure 9 about here.]
The information contained in the impulse-response functions is condensed in Figure 10. The scatter plot depicts the peaks of the impulse-response functions and the lag at which they occur.
[ Figure 10 about here.]
The graph illustrates an interesting pattern. Government bond yields of all European countries react positively to idiosyncratic shocks in unemployment. This matches the intuition that a higher unemployment rate increases future debt of the country and decreases tax income revenue. This negatively impacts future solvency and increases the risk involved in holding long-term government bonds. For the European crisis countries the impact peaks at a much later stage, implying that the impact is much more persistent. This may be due to differences in the local economic systems and the way shocks to unemployment can be absorbed quickly. The German labor market was arguably the most flexible one during the crisis, which is reflected in this graph as well. The bond markets in the United States and Australia react differently to idiosyncratic shocks in unemployment. Here, shocks to unemployment decrease government bond yields. In the United States the shock is absorbed relatively quickly while the Australian system adjusts more slowly. Differences in labor market efficiency may serve as an explanation.
The fact that the response of bond yields is negative may be an indication of a different monetary policy in the United States and Australia compared to that of the European Union. The most likely explanation is that the European Central Bank's core task "shall be to maintain price stability" (EU, 2012). Therefore, rising unemployment could be interpreted solely as a deterioration of the country's future solvency which might lead to a rising bond yield as in particular long-term refinancing costs should rise. In contrast, the central mission of the Federal Reserve Board in the United States entails the "pursuit of maximum employment, stable prices, and moderate long-term interest rates". 7 Therefore the Fed might react immediately to rising unemployment rates by lowering interest rates to stimulate public and private investment. The excess supply of money might then lead to lower bond yields. The same holds true for Australia where the Reserve Bank of Australia's core task is also to "contribute to the stability of the currency, full employment, and the economic prosperity".
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[ Figure 11 about here.]
The impact of idiosyncratic shocks in bond yields on unemployment changes is negligible. Figure 11 presents the corresponding impulse-response functions. As can be seen, the impact graphs lie close to zero for all nine countries. This result is in line with economic reasoning. Interest rates might have an impact on both public and private investment, which in turn determines the number of available jobs in the long run. A direct impact has, to the best of our knowledge, never been derived.
Conclusion
With this work we set out to investigate the relationship between government bond yields and unemployment. Government-issued bonds are priced on the assumption that the country as a whole will be able to pay the mortgage back in the future.
This ability is entirely determined by the labor force and unemployment is therefore a great risk factor in this bet. Besides the short-run negative effects of unemployment, we show that at least in Europe, rising unemployment leads to an increase in government bond yields, indicating that financing costs for the country rise. In a worst-case scenario one might imagine that the country fails to refinance mature bonds because investors deem the risk as abundant, and require extremely high risk compensation (as happened in Greece or Spain) or refrain from investing at all, leading to a state bankruptcy. The current European sovereign debt crisis is such a situation. And even if it seems obvious, the reported result has an important policy implication: unemployment reduction has to be a major goal of government activity.
Reducing unemployment not only raises the tax basis and, thus, alleviates the debt burden, but in the long run also leads to lower interest rates as the risk compensation requested by investors is reduced. A notable exception are the United States for which the trust of investors in the country's ability to meet its debt obligations is seemingly endless.
The investigation of the relationship between unemployment and bond yields requires a suitable preparation of the time series because bond and unemployment data are only available on different frequencies. Our methodological contribution consists of a proposition how to provide weekly data for unemployment using a mixed-frequency heterogeneous autoregressive model. We show that to this end Google search queries can successfully be used to nowcast unemployment changes.
The application of the M-HAR model is of course not limited to unemployment nowcasting but can generally be applied to any context where a nowcast that employs a highly persistent time series is needed.
Descriptive Statistics -Unemployment Changes and Bond Yields Nowcasting Unemployment -Estimation Results Table 3 : The model presents the coefficient estimates for the model used to nowcast unemployment. p-values are given in parentheses. Model fit is evaluated by the mean squared error (MSE) and the adjusted R 2 in the last two columns. The first row of each country is the pure autoregressive model, the third row is the M-HAR model. * (**) indicates that the reduction of the MSE is significant on the 5% (1%) level.
Country φ The figure illustrates the impact of the lag structure of unemployment rate changes and bond yields on government bond yields. Significance of the heterogeneous autoregressive parameters is illustrated through fading blue where dark blue is a p-value < 0.001 and white is an insignificant parameter with a p-value > 0.2.
HVAR -Estimation Results

Impulse-Response Functions of Bond Yields to a Shock in Unemployment
Austria F rance Germany Figure 11: The figure presents the impulse-response functions of unemployment to a one standard deviation shock in bond yields (solid line). 95% confidence bounds (dotted lines) are based on a resampling bootstrap.
